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Abstract: Deep reinforcement learning (DRL) has shown considerable potential in autonomous driving,
yet it still faces challenges such as low learning efficiency, poor action continuity, and difficulty in sim-to-
real transfer and deployment. To address these issues, this paper proposed an intelligent driving method
that integrated a pre-trained variational autoencoder (VAE), a long short-term memory (LSTM) net-
work, and the proximal policy optimization (PPO) algorithm, forming an LSTM-PPO framework. The

method employed the VAE to extract a 95-dimensional environmental feature vector from semantic seg-
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mentation images, which was then fused with a 5-dimensional vehicle state vector as input to the policy
network. By adopting a unified encoder-decoder structure and injecting noise during training, zero-shot
Sim-to-Real transfer from the CARLA simulator to a physical vehicle was achieved. Experimental results
show that during simulation training, LSTM-PPO reduces the cumulative number of collisions from 802
to 208 and accelerates the convergence of trajectory deviation. In real-vehicle tests, the average lateral off-
set in straight-line driving decreases from 5. 436 cm to 2. 268 cm, while in full-lap driving, the root-mean-
square error of the lateral offset drops from 19.868 cm to 7. 356 c¢cm, and the success rate increases from
35.71% to 62.50%. Both simulation and real-world deployment outcomes demonstrate the significant
advantages of the proposed method in improving trajectory smoothness, enhancing motion stability, and
strengthening deployment robustness.

Key words: autonomous driving; deep reinforcement learning; decision-making and control; proximal

policy optimization; real-world vehicle deployment
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Tab.1 Statistical results of the straight-line driving experiment
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Tab.2 Statistical results of the full-lap driving experiment
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